Based on the results of experimental studies concerning the filtration coefficient, the Darcianity of the observed flows for eight cohesive soils at four hydraulic gradients was analyzed. It is observed that linear dependence of flow velocity on hydraulic gradient is an approximation only, and it is the worse the more cohesive a given soil is. Despite this, Darcy's law can be a correct approximation of the empirical relationship between hydraulic gradient and the flow velocity, also in very cohesive soils. A statistical analysis was carried out to identify correlation between soil properties and permeability coefficient. For each soil, 109 parameters were analyzed, among others applying mercury intrusion porosimetry, scanning electron microscopy, dynamic image analysis, and laser diffraction. Ultimately, three single-variable models best fitted to the experimental data were found, using the plasticity index I P as the independent variable, the average pore diameter D P , and the convexity of silt fraction particles. All model parameters are statistically significant at p < 0.05. Comparison with reference multi-variable models showed that the best fit for experimental data is observed by the model with the plasticity index, while the results suggest low usability of single-variable models with structural parameters.
Introduction
Increasing interest in cohesive soils and clay minerals has been observed in recent years on the part of environmental engineering. Soils of this type show a tendency for particles to stick to each other due to intermolecular interactions and, as a result, they usually have low permeability. This is due to the properties of these materials, allowing use of them, among others, as pollution sorbents and mineral insulating barriers at landfills, including those used for radioactive waste. Any soil which is to be used as a barrier needs to have low permeability, self-sealing capability, and high cation exchange capacity [1, 2] ; hence, thorough examination of the mentioned parameters is crucial. Insufficient or even incorrect testing of soils in this regard may result in underground water contamination with various substances coming from municipal and industrial wastes stored in landfills. For example, in the case of industrial waste storage (acidic waste water), underground water protection is implemented using clay minerals, which are required in order to reduce hydraulic conductivity of clays occurring naturally beneath landfills [1] . Cohesive soils and clay minerals are also used in urban solid waste storage facilities and mine waste dumps as barriers and sealings [3] . They also work as geological reservoirs used to store carbon dioxide [4] . At the same time, bentonites are used to store radioactive and other hazardous waste because they have proved to have special expansive properties and high water adsorption potential [3, [5] [6] [7] . Moreover, they are used to eliminate toxic chemical compounds from environment when reducing the extent of pollution dispersion in soil, water, and air [6, 8] . Bentonites 
Methodology

Experimental Method and the Test Stand
In addition to the tests mentioned in Table 1 , mineralogical composition of the soils was determined by the XRD method using an EMPYREAN X-ray diffractometer from PANalytical. The degree of pore saturation with water is one of significant factors affecting the soil water permeability. The elimination of this factor impact is related to performance of tests in apparatus, which enables carrying out the experiments under total saturation conditions [23] . Because of that, the permeability coefficient in this study was determined in a triaxial compression chamber, in accordance with the Head's methodology (for the first time published in 1982) [24, 25] and standards found in [26] [27] [28] [29] . Triaxial compression apparatus is considered a very precise device, which is confirmed in the literature, e.g., see [30] . The apparatus consists of three water volume and pressure controllers, the chamber of triaxial compression apparatus (maximum pressure of 1700 kPa), frame with load up to 50 kN, an MPX 3000 miniscanner, collecting information from sensors, and a control computer with specialized software VJ Clisp Studio by the VJ Tech company. The diagram of testing instruments is presented in Figure 1 . found in [26] [27] [28] [29] . Triaxial compression apparatus is considered a very precise device, which is confirmed in the literature, e.g., see [30] . The apparatus consists of three water volume and pressure controllers, the chamber of triaxial compression apparatus (maximum pressure of 1700 kPa), frame with load up to 50 kN, an MPX 3000 miniscanner, collecting information from sensors, and a control computer with specialized software VJ Clisp Studio by the VJ Tech company. The diagram of testing instruments is presented in Figure 1 .
A schematic diagram of the testing apparatus (CP-cell pressure, BP-back pressure, DPdrain pressure, PWP-pore water pressure, and KCOW-water pressure and volume controller).
Sample Preparation
Samples were formed artificially by compaction in the Proctor apparatus at previously set moisture content. Then rollers 38 mm in diameter were obtained by means of the Shelby cylinders. After macroscopic assessment of the core quality, the least disturbed segment was selected and then a sample of 76 mm in height was cut from it. Samples prepared in this way were placed in a rubber membrane on the base and were covered from the top with a small dome. A flexible shield covering the sample was pressed to the base and the dome by four sealing O-rings. Moreover, porous stones with a permeability coefficient at least 10 times higher than that of the tested sample were placed between the sample and the aforementioned elements [29] . The chamber was put on the sample prepared in such a way, which was next filled with deaerated water, that enabled applying isotropic stresses. The application of various hydraulic pressures to the top and bottom part of the sample through the dome and base resulted in formation of a hydraulic gradient.
Test Procedure
The applied procedure comprised three stages: saturation, consolidation, and filtration. Stage one, i.e., saturation, was carried out in two phases:
• phase I-application of a small hydrostatic pressure to the lower base of the sample, so-called flushing, and • phase II-pumping deaerated water to the sample via a closed system connected to the sample's bottom and top, in a so-called method with the use of two back pressures.
At this stage of testing the pressure in the triaxial chamber and the back pressure were increased in such a way that the isotropic effective stress in the sample would remain on a constant level during the entire saturation procedure. An increment of 100 kPa was used, and the amount of this stress was chosen so as to prevent radial swelling of the soil. Experiments show that, for the studied soils, a sufficient stress amounted to 10 kPa (i.e., a stress slightly higher than the swelling pressure was applied). During the saturation, the sample's height was observed the entire time.
The state of studied soil saturation under conditions of impossible lateral expansion was estimated based on the value of Skempton parameter B [31] , determined from formula [24,27,28]: u Δ Figure 1 . A schematic diagram of the testing apparatus (CP-cell pressure, BP-back pressure, DP-drain pressure, PWP-pore water pressure, and KCOW-water pressure and volume controller).
Sample Preparation
Test Procedure
The state of studied soil saturation under conditions of impossible lateral expansion was estimated based on the value of Skempton parameter B [31] , determined from formula [24, 27, 28] :
where: B: Skempton parameter (-); ∆u: change of water pressure in pores (kPa), and ∆σ: change of pressure in the chamber (kPa). Because the parameter B is dependent on soil properties, the saturation process is different in different soils. In general, the state of full saturation is assumed for the parameter value B = 1. However, for non-permeable soils (investigated soils), it is justified to assume the state of full saturation for parameter B ≥ 0.95. The time necessary to obtain such a value for each sample was approximately 2-3 days.
After the finished stage of saturation, the samples were isotropically consolidated to the value of effective stresses of approximately 50 kPa. Formulae given by Head [25] were used in calculations:
where σ : required effective stress (kPa), σ: isotropic pressure in the chamber (kPa)-in the present study, this is a pressure equal to the last pressure applied in the saturation phase, i.e., 650 kPa-, and u: mean pore pressure calculated based on the formula
where u b : pressure at the sample's top (back pressure) (kPa), and u c : pressure at the sample's base (kPa).
At this stage, the excess of water pressure in pores, i.e., the difference between the final constant pressure of pore water and the back pressure from the last saturation step, was dispersed.
After completed consolidation, the third stage of the study, i.e., filtration, was started. A series of water-permeability coefficient measurements were performed using two back pressures, at various values of hydraulic gradient. To this end, pressure differences were used between the top and bottom base of the sample, ranging from 5 to 45 kPa, which corresponded to hydraulic gradients of 7, 10, 20, and 30. The values were chosen so as to make the obtained yields reliable. The permeability constant was determined for the top-down flow. Measurements were carried out at a constant temperature of 22 • C in an air-conditioned room. After the completion of the measurement series, all the results were exported to the Excel program to perform further calculations.
Knowing the flow, the set gradient, and the sample's surface area and height, the water-permeability of soil was calculated based on the formula given below:
where k-permeability coefficient (m/s), 
Results and Discussion
Raw Results
The tests of eight soils conducted using the triaxial testing apparatus allowed obtaining the values of permeability coefficients at four different hydraulic gradient values. The results are shown in Table 3 . 
Variance Analysis
The variance analysis was carried out using the Statistica 8 software in order to check whether the results for various soil types and hydraulic gradients i differ from each other in a statistically significant way. The analysis involved evaluating the independent effect and interactions of the factors soil and hydraulic gradient on the observed values of permeability coefficients k. The results are shown in Table 4 . The p-values shown in the Table 4 are the probability that different permeability coefficient k values (dependent variables) for various groups classified with classifying predictors (independent variables) have been obtained in a purely random way-that is as a result of difficult to assess experiment errors. In other words, it is the probability that the so-called null hypothesis is true. The null hypothesis is the statement that there is no difference among the groups, e.g., different soils have the same permeability coefficient, or else permeability coefficients obtained for various hydraulic gradients are equal. The value of 0.05 is usually assumed to be the boundary value of the probability p.
It can be seen from Table 4 that all p-values are few orders of magnitude smaller than 0.05, allowing rejection of the null hypothesis. In terms of the current experiments, it can be stated that both soil type and hydraulic gradient, as well as interaction of these two factors, significantly affect the obtained values of permeability coefficient k.
Partial η 2 (that is the so-called effect size measure, η 2 ∈ < 0; 1>) is an indicator determining which fraction of variability in range of variable A (dependent variable, in our case, k) is explained by variable B (independent variable, in our case, soil and hydraulic gradient). In other words, partial η 2 explains which of the independent variables has greater effect on the results of the dependent variable. Data in Table 4 show that the type of soil has extremely large impact (partial η 2 close to 1). The effect of hydraulic gradient i is considerably smaller, but it is still statistically significant. It means that empirical models characterizing the permeability coefficient and taking into account the sole hydraulic gradient i are reasonable. However, the effect of the gradient in interaction with soil is bigger than the effect of the sole gradient. This result is in agreement with intuition: The same gradient in soils of different structures must result in different hydraulic conductivity; in other words, more permeable soils strengthen the effect of the gradient and vice versa. Summarizing, the measured values of permeability coefficients depend on the soil type and, to a lesser degree, on the value of hydraulic gradient. An increasing relationship is observed in the latter case, which can be seen in Table 4 , where mean values for each soil and the hydraulic gradient combination are gathered. The value of k mean represents "the mean of the means" value, i.e., the values of the permeability coefficient treated as being independent of the hydraulic gradient.
Darcianity of the Observed Flows
Data shown in Table 4 and in Figure 2 cannot be treated as settling the issue of Darcianity or non-Darcianity of the observed flows. Assuming linear relationship between the flow velocity and the hydraulic gradient as indicative for Darcian flow, we compared two regression models in the form V = f (i). For the pairs (ij, Vj), linear approximation and non-linear approximation using power, logarithmic, exponential, and second-order polynomial functions were performed. Among the nonlinear functions, the best fit was observed for the second degree polynomial (R 2 = 1 in all cases). In Table 5 and in Figures 3 It can be concluded that linear dependence of velocity on hydraulic gradient is an approximation only, the worse the more cohesive a given soil is. However, as seen in Table 5 and in Figures 3 and 4 , even in the case of the worst fitting (soil no. 7), the linear function can be considered well fitted (R > 0.99427) and highly statistically significant (p < 0.00573). Hence, Darcy's law is, from an engineering point of view, a correct approximation of the empirical relationship V = f (i), also in very cohesive soils. It can be concluded that linear dependence of velocity on hydraulic gradient is an approximation only, the worse the more cohesive a given soil is. However, as seen in Table 5 and in Figures 3 and 4 , even in the case of the worst fitting (soil no. 7), the linear function can be considered well fitted (R > 0.99427) and highly statistically significant (p < 0.00573). Hence, Darcy's law is, from an engineering point of view, a correct approximation of the empirical relationship V = f (i), also in very cohesive soils. 
Empirical Regression Models
In order to gain a preliminary insight into the data, the Statistica 8 software was used to create the correlation matrix of averaged permeability coefficient k values with 109 soil parameters, including: volumetric density of soil; volumetric density of soil skeleton; natural humidity; yield point (determined using the roll test and cone penetrometer methods); liquid limit (determined using the Casagrande, Vasiliev, and cone penetrometer methods); plasticity indexes; colloidal activity; organic matter content; pH value; the proportion of clay, silt, sand, and gravel fractions (measured using three methods: hydrometer, laser diffraction, and image analysis); reduced fractions calculated for hydrometer analysis; percentage of pores within ranges: <3 nm, 3-10 nm, >10 nm; total area of pores; pore size median-measured volumetrically; total mercury intrusion volume; average pore diameter; volumetric density of pores at the pressure of 3.65 kPa; porosity; void ratio (determined using the mercury porosimetry method or through calculations); minimum, maximum, and mean pore area and its medians; minimum, maximum, and mean pore circumference with median (the NIA Numerical Image Analysis method); shape factors: sphericity, convexity, and shape proportionality (determined using the image analysis method for silt and sand fraction, and mean value); total and outside specific surface; approximate montmorillonite content; two sorption moisture values: w 50 and w 95 (sorption test method); and specific surface determined relative to the volume and mass (laser diffraction and image analysis methods for all fractions and mean value).
For the majority of parameters, correlation coefficients (R) are: |R| < 0.5 (this value indicates poor correlation). Moderately strong correlations (0.5 < |R| < 0.7) of permeability coefficients were observed for the following parameters: liquid limits determined according to Casagrande and cone penetrometer methods (w LC , w LP ), plasticity index (I p = w LC − w pw ), clay and silt fraction (f π , f i , f π -obtained using the hydrometer method), pore size median (M p -the MIP method), minimum pore circumference (O min -the NIA method), convexity of particles and particle shape proportionality coefficient for silt fraction (ψ c2-50 , ψ a2-50 -the DIA method), as well as sorption moisture w 95 , whereas strong correlation (|R| > 0.7) was observed for these parameters: average pore diameter (D p -obtained using the MIP method), and convexity of particles for sand fraction (ψ c50-2000 -the DIA method).
The complete correlation matrix allowed initial selection of parameters best correlated with permeability coefficient k (|R| > 0.5), and those parameters, which were thought to be significant for filtration phenomenon. Relatively low values of correlation coefficient in the matrix could be resulting from strongly non-linear dependence for such parameters as the plasticity limit w pw , the colloidal activity I A , clay fraction content f i obtained using the hydrometer method, porosity and void ratio obtained using the MIP method (n Hg , e Hg ) or through calculations (n obl , e obl ).
The average pore diameter D p is given by the following equation:
where V: pores volume, determined by the mercury intrusion porosimetry (MIP), and S: pores surface area, determined by the mercury intrusion porosimetry (MIP).
The values of correlation coefficients R for parameters selected in this way are shown in Table 6 . The distinction between "physical" and "structural" parameters here partially is conventional in character and is partially based on the way in which individual parameters can be obtained. While the "structural" parameters require more refined techniques, the "physical" ones can be determined by use of traditional simple methods of soil science. However, the content of clay fraction, for example, is no less "structural" than pore diameter determined by use of Mercury Intrusion Porosimetry. On the other hand, models using structural parameters as difficult to obtain as the permeability coefficient itself seem less practical, though they could have theoretical significance in understanding the nature of the transport processes in porous media. Then, the selected parameters were used to create empirical models characterizing permeability coefficient k. The Levenberg-Marquardt non-linear estimation method was applied for that purpose.
The empirical models were determined using the following functions:
• logarithmic: k = a 1 ln(x) + a 2 ,
• exponential:
where
x: analyzed soil parameter, and a 1 , a 2 : estimators of model parameters.
The values of correlation coefficients R for the models are shown separately for physical and structural characteristics in Tables 7 and 8 . The highest values are printed in bold and red. The correlation coefficient values allowed finding the best fitted models with one parameter for both of the above-mentioned groups of physical and structural parameters. According to Table 7 , the highest values of the coefficient R are observed for the following parameters: I p (R = 0.99499, power function), CF (R = 0.99238, power function), w 95 (R = 0.98919, exponential function), w LC (R = 0.98679, exponential function), and SF (R = 0.97368, exponential function), whereas, according to Table 8 -for D p (R = 0.98752, power function)-, ψ c2-50 (R = 0.98591, power function). Table 9 presents specified estimators of parameters a 1 , a 2 for the best-fitted models with the corresponding statistical significance values and confidence intervals. Table 9 . The values of estimators of model parameters with the corresponding statistical significance values and confidence intervals for physical and structural parameters (the symbol in column "Function Type" identifies the functions: P-power; E-exponential). The models with structural parameters do not prove to be better fitted than the models with physical parameters. Presumably, this is the result of the effect of the "non-structural" factors, in particular capillarity and the bound water properties. They are strongly related to such physical parameters as the plasticity index, the clay fraction content, sorption moisture w 95 , and the colloidal activity. These facts allow an important general conclusion: it is not possible to effectively model the water flow in poorly permeable soils using structural data only, related with the volume, size, and shape of pores or particles.
Parameter Type Function
The values of estimators statistically significant at p < 0.05 are printed in bold and red. Parameter estimators of the models with CF , w 95 , w LC appear statistically insignificant at the 0.05 level. In turn, the model with silt fraction SF is characterized by the least correlation coefficient of all the models in Table 9 . Taking into account the above, the following empirical model with one physical parameter is proposed:
where I p : plasticity index calculated from I p = w LC − w pw (%), and a 1 = 1.48 × 10 −6 , a 2 = −2.93561.
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The following empirical models with one structural parameter are proposed:
where D p : average pore diameter obtained using the MIP method (nm), a 1 = 2.09 × 10 −14 , a 2 = 1.85356,
where:
ψ c2-50 : convexity of particles for silt fraction obtained using the DIA method (-), and a 1 = 4.88 × 10 −19 , a 2 = −2.04 × 10 −2 .
Models Validation
Four common metrics were used in the validation process for measuring the differences between permeability coefficient values predicted by the proposed models and the values observed: Mean Absolute Error (MAE), Mean Bias Error (MBE), Mean Absolute Percentage Error (MAPE), and Root-Mean-Square Error (RMSE). The results are compared with results obtained by use of two frequently used models from references, among others, such as equation based on the void ratio e, plasticity limit w p , plasticity index I p [17] .
and, on the void ratio, the percentage of clay fraction f i , and the colloidal activity I A [18] :
The calculations using Equations (12) and (13) were done for three sets values of the void ratio, i.e., obtained by use of MIP (e Hg ) calculated from the dry density and the specific gravity (e calc ) and the void ratio in the saturated state (e calc ). In the cases of both equations, e calc yielded the best fitting to experimental data, and these results are presented further by default.
In Table 10 , values of the above listed metrics are presented for Equations (9)-(13). Table 10 . Measures of fitting models given by Equations (9)- (13) .
Model
MAE (m/s) RMSE (m/s) MAPE (%)
Equation ( Figure 5 represents scatter plot for values observed and calculated using the five analyzed models. Data scattering for the three most impermeable soils with k < 1 × 10 −9 m/s (nos. 2-5) is more conveniently presented in the inlay. Figure 5 represents scatter plot for values observed and calculated using the five analyzed models. Data scattering for the three most impermeable soils with k < 1 × 10 −9 m/s (nos. 2-5) is more conveniently presented in the inlay. It is apparent from data shown in Table 10 and in Figure 5 that the observed values are estimated by the multivariable models given by Carrier and Beckman [17] and Mesri et al. [18] with sufficient accuracy, though they turned out worse than expected in terms of MAE and RMSE. Both models yielded similar values of MAPE (52% and 59%, respectively). However, the precision of one of the proposed single-variable models (Equation (9) It is apparent from data shown in Table 10 and in Figure 5 that the observed values are estimated by the multivariable models given by Carrier and Beckman [17] and Mesri et al. [18] with sufficient accuracy, though they turned out worse than expected in terms of MAE and RMSE. Both models yielded similar values of MAPE (52% and 59%, respectively). However, the precision of one of the proposed single-variable models (Equation (9) basing on the plasticity index I p ) is quite comparable. Moreover, the single-variable model turns out to be better in terms of two metrics, i.e., MAE and RMSE, showing slightly less fitting with regard to MAPE. Both MAE and RMSE express average fitting error of model in units of the variable of interest, here in (m·s −1 ). Because permeability coefficient values of most cohesive soils are not less than several 10 −10 m·s −1 , the average fitting error on the level of 3 × 10 −10 to 4 × 10 −10 m·s −1 certainly is acceptable, as not changing the order of magnitude of the estimate. In contrast, the values of MAE and RMSE obtained for the reference models suggest a possibility of error bigger than the order of magnitude of the observed value. Similarly, the model by Carrier and Beckman yielded two orders of magnitude underestimated result for soil no. 5. Being almost pure kaolinite, this soil is characterized by an "untypical" set of properties (e.g., for such a high values of the plastic limit and the content of clay fraction, the void ratio is expected to be higher than the one observed).
With regard to individual soils, the model with I p is best fitted for soils no. 1 and no. 8 (i.e., the minimum absolute value of the difference between the observed and the estimated values for this soils was obtained by use of just this model), the model with D is best fitted for soil no. 5, the model with convexity for soil no. 6, the model of Carrier and Beckman for soils nos. 3, 4, and 7, and the model of Mesri et al. for soil no. 2. Interestingly, it is possible to indicate characteristic features for most of soil subgroups separated in this way. Soils no. 1 and no. 8 are characterized by minimum values of both the liquid limit w L and the clay fraction content f c , minimum specific surface area of particles between 2 and 50 µm and maximum value of the average pore diameter D p . Soil no. 5 possesses minimum value of colloidal activity I A , which results from its mineralogical composition (kaolinite). Structurally, this soil is characterized by maximum void ratio e calc and porosity n calc and minimum values of such particle characteristic as sphericity, aspect ratio, and convexity. Soils no. 3 and no. 7 have maximum values of the liquid limit w L and the colloidal activity I A , minimum values of the void ratio e calc , and low value of the average pore diameter D p . Soil no. 4 is characterized by minimum value of the plastic limit w P and big value of the colloidal activity.
Soil no. 6, for which the model with convexity shows the best fitting, does not show any special features in terms of the measured physical and structural parameters. Apparently, convexity of the silt fraction of particles is a very important structural parameters, negatively related to the permeability coefficient. Convexity, being the ratio of the perimeter of an object's convex hull to the perimeter of the object itself [32] , corresponds to a "smoothness" of the silt particles. A small value of convexity implies a more intensive jamming of particles, which results in reducing the area allowing water flow. Such a phenomenon, however, concerns only the permeability coefficient, and is not in a significant relation to other physical or structural parameters of soil (negative correlations observed with the compact density and the so-called effective density determined by use of mercury porosimetry speak in favor of such a thesis).
In turn, the worst-fitting models compared to others for a given soil are as follows: for soils nos. 3, 4, and 7-the model with convexity; for soils nos. 2 and 6-the model with the average pore diameter; for soil no. 8-the model of Mesri et al.; and for soils nos. 1 and 5-the model of Carrier and Beckman. Summarizing, the models with single structural parameter turn out the worst for 5 soils out of 8. This fact suggests low usability of such models; it is not probably possible to predict the permeability coefficient basing on structural parameters only. Structural parameters describe the pore space and as such are evidently important at modeling the flow phenomena in porous media. However, the real flow strongly depends also on properties related to water and its interaction with mineral and organic particles, i.e., the degree to which water is "bound" in the system (including the water adsorbed on mineral surface and the water confined in pores), the average thickness of conventional layers of the adsorbed water, the amount of amorphous colloidal silica gel, the extent of capillary condensation, and many others. As rightly stated in [33] , "modeling the transport of fluids in charged multiscale materials, such as clay, is a challenge because it is limited by the smallest pores, with sizes in the 1-100 nm range, where interfacial effects, such as wetting or electrokinetic couplings, play a dominant role. Under confinement down to the nanometer scale, one should also expect the departure from continuous hydrodynamics". Moreover, in [16] , a thesis is presented that I P "may represent to some extent the shape of the pores and the fabric of the soil". It seems information on most of these factors is contained in the plasticity index, a value being the difference between the liquid and plastic limits and, as such, determining the size of the range of water contents where the soil exhibits plastic properties. The connection of this parameter to the permeability coefficient is widely known, yet the fitting quality of the presented single parameter model is in some way surprising. However, it must be stressed that validity of Equation (9) is limited to the range of the plasticity index of the tested soils, i.e., between 5 and 55%. A possibility of extrapolation is highly doubtful.
Going back to the multi variable reference models, it must be stressed that all of them, together with many models not discussed here [19, 20] , use porosity as one of the main parameters. The importance of this soil property seems intuitively obvious, however, the matter is not so simple. As shown results presented in this study, the average pore diameter, rather than overall amount of pores, governs the water flow in a porous medium. This statement appears particularly significant in cohesive soils, for which the porosity and the void ratio strongly depend on the water content. It is not clear what values of the void ratio the authors of these models have in mind. For example, the model of Carrier and Beckman [17] is very sensitive to small changes in the void ratio value. Meanwhile, this parameter often is biased and, what is worse, depends heavily on the water content. The conditions in which the seepage will occur are hard to predict in advance, therefore, it is impossible to know the proper value of the void ratio. Similarly, authors of the model presented in [19] stated that their model allowed them "to predict the hydraulic conductivity k (m/s) of non-swelling or limited-swelling clays". However, the authors give results for two soils at various void ratio values, the latter resulting most likely from swelling. In the present study, this model shows acceptable fitting for the void ratio values in saturated state, determined prior to experiment, yet the results were overestimated. Probably there are "the best" void ratio values enabling one to obtain best fitting, but such a procedure makes no sense. The same applies to other models using porosity as the main parameter. Paradoxically, what we predict and what is the permeability coefficient specific for a given soil is not sufficiently defined. The parameter in question is very sensitive to the transitory state of soil on one hand and to experimental conditions on the other.
Independently of possible practical usefulness of the model given by Equation (9), allowing to quickly estimate the permeability coefficient of saturated fine grained soils, the relation is of theoretical importance, quantitatively showing the strong dependence of the permeability coefficient on soil plasticity. Similarly, good fitting of the model given by Equation (10) indicates the crucial significance of the mean pore size in contrast to frequently used parameters describing relative amount of pores, i.e., the porosity and the void ratio. In our opinion, this fact should be taken into account during further workings on soil permeability models. Finally, the surprising quality of the model with convexity Equation (11) may be an important clue for soil researchers using modern techniques allowing one to identify shape characteristics of pores and particles. It is hard to identify the most significant characteristics "in advance" using a purely conceptual approach. However, despite the issues generated by reference models for some tested soils, there is no doubt that only the description of filtration by two-or multi-parameter models are able to be used as fail-safe predictive tools.
Conclusions
•
It has been confirmed that Darcy's law is not a fully precise description of the flow in poorly permeable soils, yet the linear dependence between flow velocity and hydraulic gradient is a good approximation of actual phenomena (R ≥ 0.99427). Statistical relationships have been found between physical and microstructural parameters and the permeability coefficient of poorly permeable soils.
No significant correlations of the permeability coefficient with frequently used soil parameters describing relative amount of pores were found. •
The model with plasticity index I P turned out to be best fitted to experimental data.
The structural parameters most correlated with the permeability coefficient are the average pores diameter D P (determined by the use of mercury intrusion porosimetry MIP) and convexity of silt particles Ψ 2-50 (between 2 and 50 µm, determined by the use of dynamic image analysis DIA).
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